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Introduction
With the globalization of commerce, the increasing movement of agricultural products across international borders has also brought about adverse pest invasions to the sanitary regions. Several cases, such as the Mediterranean fruit fly and the Asian longhorned beetle, have shown how alien pests can cause great irreversible damage to agriculture and ecology (Komitopoulou et al., 2004; Poland et al., 1998) . Control measures for quarantine service of agricultural products across borders have thus been strengthened in many countries to reduce the propagation of alien pests. Although the importance of establishing a secure quarantine system has been well addressed and recognized, most of the quarantine methods in practice mainly rely on visual inspection of external appearance, followed by dissecting examination if suspected. These visual inspection methods are both laborious and time consuming. X-ray scanning, on the other hand, provides a feasible means to facilitate the quarantine operations by improving efficiency, reliability, and accuracy.
0168-1699/$ -see front matter © 2007 Elsevier B.V. All rights reserved. doi: 10.1016/j.compag.2007.08.006 Although X-ray scanners are commonly used in airports or customs for security inspection, practical application of X-ray imaging in quarantine inspections for detecting possible alien pests in imported fruits is still not commercially available. With its ability to penetrate materials and be attenuated according to the material's thickness and density, X-ray techniques have been widely applied in many fields such as medicine, manufacturing, and agriculture. For biological materials, mostly the purpose of X-ray inspections is to find internal damage or alien material by the differential penetration rate of X-ray between the original material and the target material. Many studies on the applications of X-ray inspection or quality evaluation have been reported in the field of agriculture. For example, the watercore of apples, an internal disorder that leads to tissue breakdown, can be detected in digital X-ray images (Kim and Schatzki, 2000) . Shahin et al. (2002a) demonstrated that apple bruises were detectable using X-ray imaging and the extracted image features can be used to sort defective apples. In another study, they also applied the same approach to line-scanned X-ray images of sweet onions and showed that an overall classification accuracy of 90% can be achieved (Shahin et al., 2002b) . X-ray imaging has also shown promising results for detecting internal defects in grains or seeds. Wheat infested by weevils can be identified using the X-ray imaging technique (Karunakaran et al., 2003; Haff and Slaughter, 2004) . Karunakaran et al. (2004) proposed a method of measuring the mass of wheat by calculating the total grey value from the X-ray image of the wheat. Singh (1975) used soft X-ray to evaluate the quality of several plant seeds. There were also several papers reporting the use of X-ray methods for the detection of pests in seeds (Fesus, 1972; Wadhi, 1983; Chavagnat, 1985) .
In general, the acquisition of X-ray images can be either film-based or digital. In film-based X-ray imaging, which is similar to that of conventional photography, the X-ray is transmitted through the inspected object and a sensing film is exposed to form the object image. After developing the film, an X-ray image with high resolution can be obtained. With the advent of modulized X-ray source and digital X-ray scanning sensors, digitized X-ray images can be acquired and analyzed in real time. Since this allows for online inspection of materials, the applications of digital X-ray imaging in industries have increased significantly in recent years. In developing a specialized X-ray scanning system for the quarantine inspection of fruits, the aim is to process and analyze the acquired X-ray image to obtain information that can help a quarantine officer in identifying possible pest infestation of the examined fruits. To achieve this, the first step to identify internal infestation of fruits by X-ray imaging technique is the image segmentation procedure, which can locate the infestation site. Since the grey level of X-ray images depends greatly on the composition, density, and thickness of the test samples, the relative contrast of infestation site to the intact region within a typical fruit varies with its position. Therefore, conventional thresholding algorithms using global threshold value are not directly applicable to segment the infestation site. To solve this problem, an adaptive thresholding approach is necessary. In a series of studies for the inspection of deboned chicken meat, several image processing algorithms have been developed for the processing of X-ray images. Tao and Ibarra (1999) demonstrated the need for improved methods to detect bone fragments in deboned chicken fillet of uneven thickness. They proposed an image processing algorithm to eliminate the false patterns and thus enhanced the X-ray sensitivity for bone fragment detection. Chen et al. (2000) proposed a multiresolution-analysis-based local contrast transform to enhance the local structures of the X-ray image of chicken meat. Tao et al. (2001) proposed a method with the threshold function resulting from the smoothing of an X-ray image of meat fillet. The threshold functions associated with the adaptive segmentation process were obtained by local averaging with a window whose size was dependent on the size of object to be detected. Chen et al. (2003) used a synergistic laser thickness detection to adjust the grey value of the X-ray image and successfully ruled out the effect from the uneven thickness of chicken meat.
To achieve the goal of detecting possible infestation sites or pests in imported fruits using X-ray imaging, we previously designed and established an X-ray system with functions based on the requirements of quarantine inspection, such as acquiring X-ray images of fruits in real time, an algorithm for image processing, and the mechanical design of the system (Lin et al., 2005) . Preliminary experiments were conducted in order to segment the infestation site within the fruit using the X-ray scanning system. It was found that the cavity due to insect pests caused a higher penetration rate of X-ray, and so the cavity possessed a higher intensity in the X-ray image (or lower intensity in a negative image, as shown in this paper). However, it is difficult to segment the infestation site from the X-ray image by segmentation with a global threshold approach because the grey levels of the pixels have a wide range of distribution. The clusters of pixels representing the infestation site and normal tissue were completely overlapped in the image histogram. In order to successfully segment the infestation site in fruit, a real time and adaptive segmentation algorithm needs to be developed. Therefore, the objectives of this research are: (1) to design and implement an adaptive thresholding algorithm to segment infestation site (cavity or pest) in X-ray images of selected fruits and (2) to test the algorithm with X-ray images of various fruits and study the factors that may affect the performance of the segmentation algorithm.
2.
Materials and method
The X-ray scanning system
The X-ray imaging system consists of a microfocus X-ray source (Hamamatsu L8601-01, Hamamatsu Photonics K.K.) and a line-scan sensor camera (Hamamatsu C8750-10FC, Hamamatsu Photonics K.K.), both of which are controlled by a desktop computer (Pentium IV CPU, 2.4 GHz). A frame grabber board (PC-DIG, Coreco Imaging) is used to acquire and transfer the signal from the line-scan sensor to the host computer. The schematic layout of the integrated X-ray scanning system is illustrated in Fig. 1 . An adjustable fixture is implemented on the top of the system. The X-ray source tube and a color CCD camera (AVT Marlin F-131C, Allied Vision Technology) are mounted on the adjustable fixture so that the distance between the X-ray source tube and the line-scan sensor camera can be adjusted from 70 cm to 80 cm manu- ally to fine-tune the length of the X-ray beam that appears over the detector. To geometrically magnify or minify the Ximage, a height-adjustable acrylic box (as shown in Fig. 2 ) was designed and used to change the distance between the fruits being inspected and the belt from 0 cm to 30 cm. Therefore, the magnification ratio of the X-ray imaging system can be varied roughly from 1.1× to 1.9×. The color CCD camera is implemented along with the X-ray imaging unit so that both external and internal characteristics of fruits can be assessed simultaneously. All system components including the computer, dual LCD monitors, imaging chamber, and conveyor are integrated into one compact module. The entire quarantine system has external dimension of 170 cm × 97 cm × 230 cm (L × W × H) and weighs about 250 kg. The conveyor system con- sists of a PVC belt, a servo motor (Mitsubishi J2S series servo, Mitsubishi Electric Corporation) with its driver (Mitsubishi MR-J2S, Mitsubishi Electric Corporation), and a motion control card (NI PCI-7344, National Instruments Inc.) to precisely control the conveyor displacement. To prevent the operator from exposing to X-ray radiation, lead shielding sheet with thickness of 0.5 cm, calculated according to the safety regulation, was mounted in the interior wall of the X-ray imaging chamber. LabVIEW 7.1 Express (National Instruments Inc.) was adopted as the software development and system integration platform. In addition, NI-IMAQ and NI-MOTION packages for LabVIEW (National Instruments Inc.) were used to develop routines associated with image processing and motion control, respectively. The motion control routines ensure conveyor displacement stability, which is important in acquiring highquality X-ray images.
Sample preparation
The Oriental fruit fly, Bactrocera dorsalis (Hendel), is a serious local pest and was used as a model insect to establish the infestation in fruits for X-ray examination in this research. Fruit flies were supplied by the Insect Physiology and Biochemistry Laboratory, National Chung Hsing University, Taichung, Taiwan. Larvae of B. dorsalis were fed an artificial diet, and adults were maintained at 28 ± 1 • C with a 12-h light and 12-h dark cycle. Flies were sexually mature 10 days after emerging under these incubation conditions. A plastic film container with guava juice inside and about 20 pin-holes in the bottom served as an egg collector. Fresh fly eggs were collected with this collector on the top of the raising cage for 2 h immediately before implantation into the fruit (Yang et al., 2006) . All pest-infested fruit were imitated by implanting fresh Oriental fruit fly eggs under the skin of the fruit. X-ray images of selected fruits such as citrus, peach, and guava were acquired and used to test the adaptive thresholding algorithm. Development of the infestation by the hatched fruit fly larvae was monitored, in different days after deployment of eggs, by both X-ray imaging examination and visual inspection. Fig. 3 shows the development of the insects in peach within 6 days. Usually the infestation could be found by the X-ray images in 2-3 days after implanting fruit fly eggs in the fruits. The sign of internal infestation in X-ray images became very obvious after 6 days while there were no visible infestation signs on the surface.
X-ray image acquisition
Before X-ray image acquisition, dark current correction and brightness correction procedures were performed to reduce noise from the dark current of the detector and the nonuniform distribution of the X-ray beam, respectively, as much as possible. During X-ray image acquisition, the fruit was placed on the conveyor belt and moved horizontally across the line-scan sensor camera by the conveyor belt at a constant speed. The X-ray source was hermetically sealed, air cooled, and featured RS-232C interface for external control. The tube voltage could be adjusted in the range of 40-90 kV and the tube current was also adjustable in the range of 110-250 A via the host computer. The quality of the X-ray image for different kinds of fruits depends greatly on the selection of proper tube voltage and current because of the variable thickness, density and X-ray absorption characteristics of different fruits. Usually we attempted to adjust the tube voltage to find out the optimum contrast of the X-ray image, followed by the process of maximizing the tube current within the power restriction (10 W) to produce enough photons for each sensor element to detect. The optimum contrast was obtained in the region between the kernel and the edge of the sample in order to reduce the influence from the seeds and the belt in the kernel and edge regions, respectively. The line-sensor camera was 512 mm in width with a resolution of 1280 pixels. The 12-bit digital signal of each pixel was transferred to the frame grabber board through the RS-422 digital interface. The line data were then composed in the host computer to form the twodimensional image. In our application, the 12-bit data were proportionally converted to 8-bit data to create images of 256 grey levels. The images were processed with the software developed in this research, which was implemented using the NI-IMAQ for LabVIEW package and Borland C++ Builder 6.0 (Borland Co. Ltd.). The customized image processing procedure was mainly based on the image processing components included in NI-IMAQ for LabVIEW package. However, the algorithm of adaptive thresholding was coded with C++ programming language and then compiled to a Dynamic Link Library (DLL) that was linked to the LabVIEW software environment.
The image segmentation procedure
One of the key characteristics of X-ray images of fruits is that the grey level of a pixel depends on the density and thickness of the sample. For fruits with variable thickness due to their nearly spherical or oval shape, the grey levels encompass a wide range that includes the grey levels of infestation site internal of the fruit. For example, Fig. 4 shows the results using the traditional standard thresholding algorithm (Gonzales and Woods, 2002) . It is obvious that the infestation site could not be extracted; no matter how the threshold value was set. Therefore, it is difficult to segment the infestation site with global (single) threshold values and it is not useful for the follow-up image processing. An adaptive thresholding algorithm based on the local grey-level distribution is thus necessary to resolve this problem. The flow chart of the overall image segmentation procedure developed in this research is depicted in Fig. 5 . The procedure starts with a pre-processing step to remove random noise in the background of the X-ray image. The adaptive thresholding is then applied to the X-ray image by first creating a threshold value map with its threshold values being a function of pixel coordinates. A binary image is obtained by using this threshold value map to determine the pixel value to be 0 or 255. Possible locations of infestation are then located by a holefilling processing followed by an image subtraction. Finally, morphological filtering is applied to screen small spots. Infestation sites, usually larger in area, are then selected based on the number of iterations of morphological filtering, while small irrelevant spots are removed.
Removal of background pixels
Removal of background pixels is necessary before the adaptive thresholding algorithm is applied to the X-ray images of fruits. This is because the random noise in the background nal noise during image acquisition. Undesirable results will occur if the adaptive thresholding is applied to the noise pixels. By examining the histogram of a typical X-ray image (see Fig. 6 ), we can see that there is a distinct mode in the lower grey level region. The pixels around the mode are the background and noise pixels while the rest pixels with higher grey levels represent the fruit. The noise removal process is done by resetting the grey level value of all pixels which have lower grey level values than the threshold value T to zero as indicated in Fig. 6 . The T value is determined by searching the valley next to the distinct mode of the smoothed histogram using the slope information. Typical values of T ranged from 40 to 50 depending on the noise levels of a blank X-ray image (or the background noise).
Adaptive thresholding algorithm
The major purpose of adaptive thresholding is to give each pixel a suitable threshold value that is dependent on the dis- tribution of grey levels of the neighbourhood pixels. To achieve this, we create a map of threshold values which has the same size with the original image during adaptive thresholding process. The map stores the threshold values corresponding to each pixel in the original image and is used to create a binary image for later processing. To calculate the threshold values of the map, we adapted the approach developed by Chow and Kaneko (1972) for outlining boundaries of the heart ventricle from X-ray image. The X-ray image is initially divided into many M × M (M = 32 in most cases) operational regions as shown in Fig. 7a . A threshold value is then determined from the histogram of this M × M sub-image using an automatic thresholding algorithm. The algorithm is an unsupervised thresholding method by iteratively choosing the threshold value T s with the following equation (Gonzales and Woods, 2002) :
where 1 is the average grey level of all pixels with grey level greater than T s and 2 is the average grey level of all pixels with grey level smaller than T s . The value T s is iteratively calculated at each classification round until the value has converged to a fixed threshold value. Using this algorithm, the iteration usually takes three to four rounds to converge. Each M × M subimage has M/2 pixels overlap, horizontally and vertically, with the neighbor sub-images. The T s values are calculated from left-top to right-bottom of the image for all M × M sub-images to form a coarse threshold value grid. The detailed steps are as follows:
1. Calculate the histogram of the M × M operational region and select an initial estimate for T s . Iteratively compute a new threshold value using Eq. (1) until the threshold value converges. Save the value in the corresponding position of the center of the operational region to the coarse threshold value grid. 2. Shift the operational region M/2 pixels to the right, as shown in Fig. 7b , and repeat the process of step 1. Repeat the process horizontally and vertically for all the M × M operational regions. At the end of the process, a coarse threshold value grid with (2N/M − 1) × (2N/M − 1) threshold values is obtained for an N × N image, as shown in Fig. 7c .
The threshold values for the pixels p(x, y) within an
M/2 × M/2 interpolation grid are determined by twodimensional interpolation using the following equation (Seul et al., 2000) :
where I 1. . .4 are threshold values of the four nearest reference points to p(x,y), and R 1. . .4 are the distances from p(x, y) to I 1. . .4 , respectively, as shown in Fig. 7d . The interpolated threshold value is calculated based on the distances of p(x, y) to its four nearest neighbor grid points. A complete threshold value map is finally formed by determining the threshold values for all pixels p(x, y) in all interpolation grids. Compared with conventional bilinear interpolation method, this algorithm is more efficient in terms of computational effort. 4. When the complete threshold value map is computed, the image thresholding is done by the following rule:
where the f (x, y) is the new pixel value of the binary image. Fig. 8 -(a) Original X-ray image of an infested peach and (b) the threshold value map of (a). Fig. 8 shows an example using the proposed adaptive thresholding algorithm. The image shown in Fig. 8a is an original X-ray image of a peach after background removal. Applying the above adaptive thresholding algorithm, a threshold value map is generated, as shown in Fig. 8b . It is obvious that the threshold value map is variable and dependent on the local grey level distribution of the original X-ray image. Fig. 9 illustrates a typical example of the sequential steps of the complete image segmentation process of a citrus X-ray image. Fig. 9c is the binary image of Fig. 9b after applying the adaptive thresholding.
Hole filling and image subtraction
A binary image is obtained following the adaptive thresholding step. The binary image contains the cavities or tunnels created by the infested pests. These small spots need to be isolated and classified into noise or suspected infestation sites.
A hole-filling step utilizing the NI-IMAQ morphological operation (fill hole library function) is then applied to the binary image to fill these spots and create a temporary image. The temporary image is then subtracted by the original binary image to isolate the small spots as shown in Fig. 9d . In effect, this process also removes the outer contour of the fruit in Fig. 9c and only small spots within the fruit remain in the image.
Morphological filtering
To identify possible infestation sites among small spots segmented from the binary image, a morphological filtering approach is employed, which can eliminate or maintain the spots on the image according to their area size by the procedure of erosion and dilation. The erosion procedure shrinks the spots, so that a spot will be eliminated if it is smaller than a certain size. The dilation procedure is then performed to expand the spots remaining after the erosion process to their original size. As in many image processing libraries, the morphological filtering function is a library function of the NI-IMAQ image processing library. The morphological filtering function performs operations on spots in binary images, and the filtering retains particles resistant to a specified iteration of erosion by a 3 × 3 structuring element. We utilized this morphological filtering function to screen noise or undesirable spots using the iteration number as an operational parameter. A typical result of small spot removal is shown in Fig. 9e . The remaining spots are isolated and overlaid onto the original X-ray image, as shown in Fig. 9f . The optimum number of iteration is dependent on different kinds of fruits and extent of infestation. Below we discuss the effect of iteration number on the identification of suspected infestation sites.
Results and discussion
The adaptive segmentation algorithm was implemented on the prototype X-ray scanner for fruit quarantine. The software was initially tested extensively for X-ray images of various kinds of fruits. For images of 512 × 512 pixels, the average processing time was 270 ms using a desktop computer with 2.4 GHz Pentium IV CPU under the Microsoft XP Windows environment. This processing speed is sufficient for nearly real-time processing to mark the suspected infestation sites in the X-ray image during fruit scanning in a quarantine operation. In practice, the scanning operation requires that the bands of scanned lines be continuously processed one after another. Therefore, images of 80 × 960 pixels were acquired, processed, and updated on the monitor sequentially to allow for real-time inspection as the fruit was moved along the conveyor belt. With the current algorithm, the scanning system was capable of executing the inspection operation at a conveyor speed of 1.2 m/min. The suspected sites of infestation in the fruit were immediately segmented and overlaid on the X-ray image during scanning to alert the quarantine inspector.
Parameters for adaptive segmentation algorithm
The number of iterations for morphological filtering of spots in binary image is the key working parameter for segmentation of infestation sites in X-ray images of fruits. This parameter is not universal for different kinds of fruits nor is it universal for fruits with different extents of infestation. The number of iteration is basically affected by the size and shape of the infestation sites. Therefore, adjustment of this parameter for different conditions of quarantine inspection is usually necessary. Once the parameter is determined for a specific scanning operation such as a particular kind of fruit, the parameter is saved in the record file for later retrieval and parameter setting when the same kind of fruit is scanned afterward. In general, the morphological filtering process can remove signal noise or small grains such as seeds from X-ray images of fruit. As shown in Fig. 10a , the X-ray image of a guava contains several infestation sites, and the result of segmentation after adaptive thresholding without morphological filtering is shown in Fig. 10b . By removing small spots using morphological filtering with three iterations, small spots of noise and granular seeds were successfully removed leaving the segmented infestation site as shown in Fig. 10c . However, in another case of peach as shown in Fig. 10d , the soft tissue around the pit has similar grey level and size as the infestation site on the top of the fruit. The morphological filtering segmented both spots but was not successful in differentiating the infestation site and the normal tissue (Fig. 10f) . In most cases, adjusting the iteration number of the morphological filtering can successfully segregate infestation site from the noise or granular texture in the X-ray image of fruits. When the size and grey level of the segmented spots are similar, the current segmentation algorithm has its limitations and thus other geometric features of segmented spots such as shape or length needs to be considered, if necessary.
Another important parameter that may affect the result of the adaptive segmentation procedure is the size of the M × M operational sub-images. For the current configuration of the X-ray scanning system, we most frequently used the 32 × 32 operational sub-images for adaptive thresholding. Changing the size of the operational sub-image may lead to different results in some cases. The binary images of guava shown in Fig. 11a and b are the results of adaptive thresholding using different sub-image size of 32 × 32 and 12 × 12, respectively. It is clear that the sub-image size affected the size distribution of the segmented spots. This result subsequently affected the detection of the infestation sites when the morphological filtering is applied. In Fig. 11c , a shadow region corresponding to the core of the guava fruit exists in the middle part of the X-ray image. This region, with similar size to the infestation site, was misclassified as an infestation site using 32 × 32 operational sub-images. Using 12 × 12 operational sub-images in adaptive thresholding, finer spots were obtained and the misclassified region in Fig. 11c was screened by the morphological filter as shown in Fig. 11d. 
Sub-image size and interpolation grid size
Another concern in the selection of optimum operation parameters for the adaptive segmentation procedure is the computation time and the stability of the algorithm. Two key parameters, namely, the operational sub-image size and the interpolation grid size may affect the performance of the adaptive segmentation algorithm. To test their effects, the X-ray image of a guava in Fig. 10a was processed using the sub-image sizes of 32 × 32, 24 × 24, 18 × 18, and 12 × 12 in combination with the interpolation grid sizes from 1 × 1 to 32 × 32. The computation time and threshold value map of each condition were recorded for analyses. Fig. 12 shows the effect operational sub-image size and interpolation grid size on the computation time. The computation time increases with the increase of sub-image size. On the other hand, increasing the interpolation grid size reduces the computation time. However, there is no significant difference in the computation time when the interpolation grid size is greater than 8 × 8 pixels, even when the sub-image size is different. Fig. 13 shows the comparisons of average threshold value difference of adaptive segmentation procedure using different operational sub-image sizes and interpolation grid sizes. The threshold value maps created by different combinations of sub-image sizes and interpolation sizes were compared with the reference threshold value map created by using 32 × 32 operational sub-image and without interpolation (1 × 1 interpolation grid size). The average threshold value difference was calculated by taking the average of the absolute difference of the threshold values of each corresponding pixels of the two threshold value map. Although the average difference slightly increases with the increase of the interpolation grid size, the difference is not significant. The maximum average difference of threshold value maps for all cases is less than five grey levels, which indicates that the threshold value map is relatively stable regardless of the variations in sub-image size or interpolation grid size.
Accuracy of infestation detection
To further test the feasibility of the developed algorithm, experiments were carried out to assess the accuracy of infestation detection. Guava and peach fruits were implanted with fruit fly eggs and the infestation sites by the hatched fruit fly larvae were manually assayed and recorded. The X-ray images of these infested fruits were also acquired and processed with the adaptive segmentation procedure. Totally, 86 infestation sites in the flesh part of 25 guava fruits and 135 infestation sites of 35 peach fruits were manually identified. The areas of infestation sites in fruits ranged from 3.54 mm 2 to 70.91 mm 2 , which correspond to the areas of 80 pixels to 1600 pixels in the X-ray images when the magnification ratio of X-ray system is 1.9×. Table 1 summarizes the experimental results of the detection accuracies of the infestation detection experiments for guava and peach fruits. The detection accuracy was apparently affected by the selection of sub-image and it decreases as the sub-image size increases. Using 18 × 18 sub-image size, 93% and 96% of infestation sites were correctly detected for guava and peach, respectively. The false alarm rates were 1% and 11% correspondingly. The detection accuracy slightly increased to 95% (guava) and 98% (peach), by reducing the sub-image size to 12 × 12 in the adaptive segmentation procedure. The slight increase of detection accuracy is accompanied with the trade-off of more computation time and significant increase of false alarm rate to 66% (guava) and 77% (peach).
Conclusions
With the adaptive segmentation procedure developed in this research, we can effectively cope with the problem of grey level gradient in the X-ray images due to shape or uneven thickness of fruit for most of tested cases. However, the infestation sites could not be segmented using the traditional standard thresholding algorithm. Consequently, variations in fruit characteristics and extent of infestation may be dealt with by adjusting the iteration number of morphological filtering or the sub-image size for adaptive thresholding. The algorithm is fast in computation time and was implemented in the X-ray scanner for real-time quarantine inspection at a scanning rate of 1.2 m/min. Suspected sites of infestation inside fruit can be accurately marked on the acquired X-ray image to aid the quarantine officer during inspection. For different kinds of fruits, initial tests and choices of operation parameters need to be determined, including number of iterations for morphological filtering, operational sub-image size, and interpolation grid size. Once the parameters are configured, they are saved and used in subsequent quarantine inspection. The effect of operational parameters was also examined by comparing the computation time and threshold value map using different combinations of parameters. Experimental results revealed that the effect of sub-image size and interpolation grid size has little effect on the computational time when the interpolation grid size is greater than 8 × 8 pixels. The adaptive thresholding algorithm is stable judging from the insignificant difference of thresh-old value maps created using various sub-image size and interpolation grid size. The algorithm resolves the frequent problem of segmenting object from X-ray image using global thresholding approach. Without substantial modification, the algorithm can be applied to X-ray inspection of various agricultural products having uneven thickness and variable densities.
